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Although each sensory system is highly specialized for 
stimuli of its own modality, everyday perception is usu-
ally multisensory (Welch & Warren, 1986). In order to 
construct a unified and holistic representation of the envi-
ronment, the information of the different sensory systems 
needs to be integrated. Which mechanisms are involved 
in this integration? One of the most basic experimental 
setups for investigating multisensory integration mecha-
nisms is the so-called redundant-signals paradigm (Miller, 
1982). In such experiments, participants have to respond 
in the same way to target stimuli of two sources—for ex-
ample, auditory and visual stimuli (A, V). If both stimuli 
are presented simultaneously (AV), it is frequently ob-
served that responses are substantially faster for AV than 
for A or V alone. This effect is known as the redundant-
signals effect or the redundant-target effect (Diederich & 
Colonius, 1991; Miller, 1982, 1986; Schwarz, 1989, 1994; 
Ulrich & Miller, 1997).
Several models account for this effect, including se-
rial, parallel, and coactive frameworks of information 
processing. A well-known parallel model is the separate-
activation model, or race model (Miller, 1982). According 
to this model, the two stimulus components are processed 
in separate channels, and detection occurs as soon as pro-
cessing in one of the two channels has finished (parallel 
processing, first-terminating). This mechanism removes 
slow channel-specific processing times from the AV dis-
tribution (statistical facilitation; Raab, 1962), which re-
sults in lower mean response times (RTs) for redundant 
targets than for single targets. Miller (1982), however, 
showed that redundancy gains due to statistical facilita-
tion have an upper limit. Assuming that the distributions 
of the channel-specific processing times are equal for 
single and redundant targets (context independence; e.g., 
Luce, 1986, p. 130), the so-called race model inequality 
states that the proportion of fast responses to redundant 
stimuli [i.e., cumulative RT distribution (CDF); F(t) 5 
P(T # t)] never exceeds the sum of the CDFs for single 
stimuli,
 FAV(t) # FA(t) 1 FV(t). 
In a powerful extension of the experimental setup, the two 
stimulus components are presented with onset asynchrony 
τ $ 0 [e.g., A(τ)V; i.e., the auditory stimulus is presented 
τ milliseconds before the visual stimulus; V(τ)A for the 
reversed order]. Assuming that the distribution of the com-
ponent processing times for the two components of A(τ) V 
is equal over stimulus conditions and over the stimulus 
onset asynchrony (SOA) range, the race model inequality 
(Miller, 1986) generalizes to
 FA(τ)V(t) # FA(t) 1 FV(t 2 τ), (1)
with τ 5 0 denoting the special case of synchronous 
stimulus presentation. In simple response tasks, partici-
pants have to press a single response button as soon as 
they detect an auditory or a visual signal. Here, the upper 
bound given by Inequality 1 has often been shown to be 
violated (e.g., Miller, 1982, 1986), and the parallel first-
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sponse; Donders, 1868/1969), observers have to press a 
button upon appearance of any stimulus. In more complex 
tasks—for example, go/no-go tasks—participants do not 
have to respond to all stimuli but are asked to discriminate 
a target (or a set of targets) among (a set of) distractor stim-
uli (Type C response; Donders, 1868/1969). Redundancy 
gains have been observed in go/no-go tasks (Gondan, Nie-
derhaus, Rösler, & Röder, 2005; Grice & Canham, 1990; 
Grice & Reed, 1992, Experiments 1 and 2; Miller, 1982, 
Experiment 3; Teder-Sälejärvi, Mc Donald, Di Russo, & 
Hillyard, 2002) and choice responses (Grice, Canham, & 
Boroughs, 1984; Grice, Canham, & Gwynne, 1984). The 
aim of the present study was to investigate whether redun-
dancy gains observed in different tasks (simple responses, 
go/no-go responses) are based on the same mechanism—
that is, linear superposition of modality- specific activity.
For this purpose, we tested whether the diffusion su-
perposition model (Schwarz, 1994) can be adjusted to 
simple responses and to go/no-go responses to auditory–
visual stimuli presented with different SOAs. In Experi-
ment 1, target stimuli had high intensity, and distractor 
stimuli had low intensity. Separate diffusion superposi-
tion models were adjusted to the two tasks, and a common 
model describing behavior in both tasks was tested. We 
hypothesized that in Experiment 1, participants would 
easily distinguish between targets and distractors. As 
compared with the simple response task, we hypothesized 
that an increased evidence barrier c would be observed in 
the go/no-go task. Different task requirements were mod-
eled by a different residual M. In Experiment 2, targets 
and distractors had the same intensity. Participants had 
to discriminate high- and low-frequency tones and left- 
and right-tilted Gabor patches. The go/no-go task was, 
thus, more difficult, raising the question of whether re-
dundancy gains can be explained by simple superposition 
of neural activity. Here, we additionally tested whether 
the observed RTs would support a serial self- terminating 
model of information processing (e.g., Townsend & 
Ashby, 1983).
ExpERiMEnT 1
Auditory and visual stimuli of two intensities (a, A, v, V, 
with lowercase letters representing low-intensity stimuli 
and uppercase letters representing high-intensity stimuli) 
were delivered either alone or in pairs with different onset 
asynchronies. In the simple response task, participants 
had to respond to any stimulus by pressing, as quickly as 
possible, a single button. In the go/no-go task, participants 
were again instructed to respond as quickly as possible, 
but only if a stimulus with high intensity was delivered in 
one of the two modalities.
Method
participants. Three participants took part in the study (1 of 
them male, 2 female; 33, 22, and 45 years old, respectively). All 
the participants were students at the University of Regensburg. For 
their participation, they received either course credit or €7 per hour. 
Every participant was tested during four sessions, each lasting ap-
proximately 3 h, until 21 blocks for both tasks were recorded.
 terminating processing has been ruled out as the explana-
tion for the redundancy gains observed.
Coactivation models assume that the information of the 
two channels is integrated at a specific processing stage—
for example, by linear superposition of channel-specific 
activation (Diederich, 1995; Schwarz, 1989, 1994). The 
diffusion superposition model (Schwarz, 1994) assumes 
that upon presentation of a stimulus, sensory evidence is 
accumulated over time. At time t 5 0, the process starts 
at x(0) 5 0. Accumulation of evidence is conceived as 
a noisy diffusion process x(t) with drift µ and variance 
σ2 . 0. In each time unit, x(t) is increased by a normally 
distributed random increment with mean µ and variance σ2. 
Detection occurs when an evidence criterion c . 0 is met 
for the first time. The processing time corresponds to the 
first passage time D of the evidence criterion, which, for 
µ . 0, is described by the inverse Gaussian distribution 
with mean E[D] 5 c /µ.
In redundant targets, coactivation occurs: Here, the 
diffusion superposition model assumes that the two 
channel-specific processes superimpose linearly—that 
is, xAV(t) 5 xA(t) 1 xV(t). The new process xAV(t) is 
again a diffusion process with drift µAV 5 µA 1 µV and 
variance σ2AV 5 σ2A 1 σ2V (the covariance term is assumed 
to be zero in Schwarz, 1994). Since the drift parameters 
add up, xAV(t) reaches the criterion earlier than any of its 
constituents, resulting in faster mean responses to redun-
dant stimuli, E[DAV] 5 c / (µA 1 µV). What happens with 
asynchronous stimuli—for example, V67A? During the 
first 67 msec, sensory evidence is accumulated solely by 
the visual channel. If the criterion c is traversed during this 
interval, the stimulus is detected, and a response is initi-
ated. Otherwise, the process has attained a subthreshold 
activation level x , c. Starting at 67 msec, both chan-
nels contribute to the buildup of activity, resulting again 
in an aggregate process drifting with µA 1 µV toward a 
residual barrier c 2 x. Analytic solutions for the mean 
and the variance of the processing time for asynchronous 
stimuli have been derived by Schwarz (1994, Equation 10 
and Appendix B).
In order to derive a prediction for the observed RTs T, 
an additional variable M has to be introduced. This vari-
able summarizes residual processes not described by the 
model (e.g., peripheral perceptual processes, response 
preparation, motor execution, etc.), so that T 5 D 1 M 
(e.g., Luce, 1986, chap. 3). Schwarz (1994) demonstrated 
that superposition of diffusion processes accurately 
predicts the means and standard deviations for simple 
manual responses to auditory–visual stimuli. The func-
tion describing the relationship between SOA and mean 
RT has a wing shape, with a minimum at simultaneous 
stimulus presentations and asymptotic behavior at higher 
onset asynchronies (e.g., Schwarz, 1994, Figure 1). In Ap-
pendix A, we show that the diffusion superposition model 
predicts a violation of the race model inequality.
Auditory–visual redundancy gains have been studied 
most extensively using simple response tasks (e.g., Miller, 
1982, Experiments 1 and 2; Miller, 1986; Raab, 1962; 
Schwarz, 2006). In the simple response task (Type A re-
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Because FC(t) cancels out on the two sides of Inequality 2, only 
the RT distribution of the second stimulus needs to be corrected 
(for more details and a justification of the procedure, see Gondan 
& Heckel, 2008).
For the go/no-go task, fast guesses were corrected on the basis 
of erroneous responses to distractor stimuli: For each erroneous re-
sponse observed to an auditory distractor (a), a similar response 
was eliminated from the responses to auditory target stimuli (A). 
For each response to v, a similar response was eliminated from the 
responses to V, and so on, for all SOAs:
 [FA(τ)V(t) 2 Fa(τ)v(t)] # [FA(t) 2 Fa(t)]
 1 [FV(t 2 τ) 2 Fv(t 2 τ)]. (3)
Using the CDFs for each target condition, the observed violation 
area Δ was calculated for each participant and condition. This is 
the area below the CDF of the redundant stimulus (left-hand side of 
Inequalities 2 and 3) but above the sum of the CDFs of the unimodal 
stimuli (right-hand side of Inequalities 2 and 3). If the race model 
holds, Δ 5 0. To rule out an accidental violation of the race model 
due to sampling error, RTs for each experimental condition for each 
participant were simulated by the computer assuming a race model. 
Simulated RTs for unimodal stimuli were obtained by bootstrapping 
from the observed distribution for the unimodal RTs for each par-
ticipant, after correcting for fast guesses. Simulated RTs for bimodal 
stimuli were obtained by sampling pairs of RTs from the observed 
distributions for unimodal stimuli, adjusting them for SOA, and by 
choosing the smaller of the two values. Note that sampling was not 
independent but that fast auditory RTs were combined with slow vi-
sual RTs (for details and a justification of this procedure, see Miller, 
1986, pp. 336–337). This simulation was carried out 10,000 times, 
resulting in 10,000 violation areas Δ* simulated under the null hy-
pothesis (race model). Comparable to a standard one-sided hypoth-
esis test, the race model is rejected if the observed Δ is greater than 
95% of the simulated Δ*.
Performing one race model test per SOA leads to an increase of 
the Type I and Type II errors. This problem was addressed by weight-
ing the SOA-specific violation areas Δτ with λ(τ) . 0 and adding 
them up to an overall violation area (Gondan, 2009):
	 Δtotal 5 Στ λ(τ) 3 Δτ. (4)
Under the race model, Δτ 5 0 for all SOAs. Thus, the weighted sum 
of all Δτs should equal zero as well. In simple responses to auditory– 
visual redundant stimuli, Miller (1986) noted that coactivation ef-
fects were highest with SOAs that roughly equalized the mean RTs 
to unimodal stimuli. Therefore, the weighting function λ(τ) was 
chosen to emphasize the SOAs in which coactivation effects were 
expected to be high. We used a triangular function maximal around 
the difference between the mean RTs observed for single visual and 
auditory stimuli (MV 2 MA).
Model adjustment and goodness of fit. For each SOA and con-
dition (av, AV, aV, Av), 100 responses were collected, resulting in 
4,800 simple responses and 3,500 go/no-go responses. To avoid a 
distortion of the results due to unusually fast or slow responses, RTs 
outside the percentile range [0.5%, 99.5%] were discarded. These 
percentiles were calculated on the basis of the entire participant-
 specific RT distribution, collapsed across conditions and SOAs. 
Corresponding to the two intensity levels for each modality, param-
eters of the diffusion processes were distinguished into low- and 
high-intensity parameters: µV and σ2V (high intensity) and µv and σ2v 
(low intensity) for the visual process; µA and σ2A, as well as µa and 
σ2a, for the auditory process. The absorbing barrier (criterion) was 
set to c 5 100, since it only scales the other parameters (Schwarz, 
1994). Drifts and variances of the auditory diffusion processes 
(µa, µA, σ2a, σ2A) and those of the visual diffusion processes (µv, µV, 
σ2v, σ2V), as well as the expected value for the duration of residual 
processes µM, were iteratively adjusted to the observed mean RTs 
by minimizing a goodness-of-fit χ2 value (see below). Technically, 
this minimization was performed using the constrOptim command 
Stimuli and experimental conditions. The experiments took 
place in a dimly lit, sound-attenuated room. Visual stimuli were two 
Gabor patches (1º diameter, 4 cycles/deg, tilted 30º to the right), pre-
sented on a 21-in. CRT monitor (background luminance, 16 cd/ m2), 
simultaneously 5º to the left and to the right side of a fixation spot. 
Lateralized stimulus presentation was necessary because, in a pilot 
study, weak central stimuli turned out to be so salient that the mean 
RTs for centrally presented weak and strong visual stimuli did not 
significantly differ. Moreover, presenting visual and auditory stimuli 
left and right of central fixation allows for manipulation of the dis-
tance between the stimulus components (e.g., Gondan et al., 2005; 
Schwarz, 2006) in follow-up experiments. Visual stimuli were ei-
ther of high intensity (V; Michelson contrast, .98) or of low intensity 
(v; Michelson contrast, .20). Auditory stimuli were noise bursts of 
high intensity (A, 45 dBA) or low intensity (a, 29 dBA), delivered via 
two loudspeakers placed left and right of the screen. Each stimulus 
was presented for a maximum of 1,000 msec, or it was terminated by 
the response of the participant. The auditory and visual stimuli were 
presented either alone (unimodal condition; a, v, A, V) or together (bi-
modal conditions; av, Av, aV, AV), with onset asynchronies of 0 msec 
(synchronous condition) or 633, 667, 6100, 6133, or 6167 msec 
(asynchronous conditions), negative values indicating that the audi-
tory stimulus preceded the visual stimulus. The distance between the 
chinrest and the computer monitor and the speakers was 70 cm. The 
participants responded to the targets by pushing the left button of a 
response box with the index finger of their right hands.
procedure. For the simple response task, the participants were 
instructed to respond as quickly as possible to any stimulus deliv-
ered. During the go/no-go blocks, they were instructed to respond as 
quickly as possible to stimuli containing a high-intensity component 
(A, V, AV, Av, aV) and to suppress a response if only low-intensity 
stimuli were presented (a, v, av).
Simple response blocks and go/no-go blocks were run in alter-
nating order. After 5 blocks, there was a break (break duration was 
determined by the participant but was at least 5 min) in order to pre-
vent fatigue and loss of motivation, and additional breaks were taken 
if deemed necessary by the participant. In each block, 5 stimuli of 
each of the 48 SOA 3 intensity conditions plus 5 catch trials were 
randomly intermixed, with the intertrial interval varying uniformly 
between 1,700 and 2,300 msec. In each simple response block, the 
participants had to respond to 240 stimuli. In each go/no-go block, 
the participants had to respond to 175 stimuli and suppress a re-
sponse to 65 stimuli. Within each block, the stimuli were presented 
in randomized order. The participants completed 21 blocks of simple 
responses and 21 blocks of go/no-go responses, each block lasting 
about 14 min. This took approximately 12 h per participant, with 
maximal session duration of 3 h. Altogether, 5,040 responses were 
collected in the simple response task and 3,675 responses in the go/
no-go task.
Test of the race model inequality. For the simple response task, 
the race model was tested for all possible stimulus combinations 
(AV, Av, aV, av). For the go/no-go task, the race model inequality 
was tested only for condition AV, where both stimulus components 
were targets.
Because the race model inequality (1) is asymmetric, with two 
summands on the right side and only one term on the left side, fast 
guesses inflate the right side of the race inequality so that the race 
model might erroneously be accepted (Miller & Lopes, 1991). To 
avoid such a distortion of the results, catch trials (i.e., trials without 
stimulation) can be used to apply the so-called kill-the-twin correc-
tion (Eriksen, 1988). In the kill-the-twin procedure, the distribu-
tion of fast guesses is estimated from erroneous responses to catch 
trials. For each response to a catch trial, one correct response of 
similar speed is eliminated from the A, V, and AV distributions. This 
is equivalent to the subtraction of the RT distribution for the catch 
trials from each term of Inequality 1:
 [FA(τ)V(t) 2 FC(t)] # [FA(t) 2 FC(t)] 
 1 [FV(t 2 τ) 2 FC(t 2 τ)]. (2)
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The relationship between SOA and mean RT exhibited a 
wing shape, with fastest responses in the synchronous AV 
condition (Figure 1, left panels). In 2 of the 3 participants, 
the number of omitted responses was unexpectedly high 
for the unimodal, low-intensity stimuli, indicating that 
these participants had difficulties in perceiving the sig-
nals. Whereas Participant 1 anticipated about 25% of the 
trials, the other 2 participants showed more conservative 
response behavior. Mean RTs slightly increased within 
experimental sessions (1.8, 0.9, and 2.6 msec/block for 
Participants 1, 2, and 3, respectively).
Mean RTs observed in the go/no-go task were substan-
tially higher than those in the simple response task (sup-
plemental Table S2, Figure 1, middle panels). In the no-go 
condition (both stimuli of low intensity, av), the number 
of false alarms was substantial, indicating that the par-
ticipants used a liberal criterion for responding. Again, 
we noted a slight RT increase during the experimental ses-
sions, as reflected by a positive regression slope of block 
number and mean RT (0.3, 4.9, and 0.5 msec/block for the 
3 participants).
Test of the race model. For the simple response task, 
the race model inequality was tested for all intensity 
conditions (AV, Av, aV, av). The weighted sum of SOA-
 specific violation areas is shown in Figure 2. The p values 
for these aggregate violation areas under the race model 
assumption are shown in Table 1 for each participant. In 
each participant, significant violations of the race model 
inequality were observed for at least one intensity combi-
nation (AV, Av, aV, av).
No responses to unimodal low-intensity stimuli were 
available for the go/no-go task. Therefore, the race model 
was tested only for condition AV (Table 1, Figure 2). A 
significant violation of the race model prediction was 
found for Participant 3; for the other 2 participants, RT 
distributions did not rule out race models for the redun-
dancy gains observed.
Diffusion superposition model. The diffusion su-
perposition model predicts the unconditional mean RTs 
for a specific condition (E[T]); it does not predict the 
mean RTs conditional on detection within a specific in-
terval (e.g., E[T | T , 1,000]). Due to the high number 
of omitted responses to weak unimodal stimuli (a, v; see 
Table S1), mean RTs observed for these two conditions 
had to be excluded from the analysis. This affects only the 
simple response task, in which the number of observed 
means was 46 instead of 48. Drifts and variances of the 
auditory (µa, µA, σ2a, σ2A) and the visual (µv, µV, σ2v, σ2V) 
diffusion processes, as well as the mean of the residual 
component µM, were adjusted to the mean RTs recorded 
in the simple response task. The parameters of the fitted 
model are listed in Table 2 (left column).
Corresponding to the higher mean RTs to low- intensity 
stimuli, drifts and variances for low-intensity stimuli were 
smaller than drifts and variances for high-intensity stimuli. 
The diffusion variance parameters σ2a, σ2A, σ2v, σ2V seemed 
to be roughly proportional to the drift parameters (Tol-
hurst, Movshon, & Dean, 1983). The mean RTs observed 
in the simple response task were in good agreement with 
of the R statistical language (R Development Core Team, 2009) with 
constraints 0.1 # µa, µA, µv, µV # 10 for the drifts, 0.1 # σ2a, σ2A, 
σ2v, σ2V # 100,000 for the variances, and 100 # µM # 500 for the 
mean residual. In the go/no-go task, negative drifts were allowed for 
no-go components; constraints were 21 # µa, µv # 10.
The observed mean RTs are based on sums of a large number of 
independent replications (N 5 100 responses per SOA, possibly less 
due to trimming and omitted responses) and can thus be assumed to 
follow a normal distribution due to the central limit theorem. First, 
for each condition, standardized means were calculated by subtract-
ing the predicted mean E[T] from the observed mean M and di-
viding the result by the observed standard error s /√N. Thereby, for 
each condition, a t value with N 2 1 degrees of freedom (dfs) was 
obtained. Due to the high number of dfs, this standardized mean ap-
proximately followed a normal distribution,
 zA(τ)V 5 {MA(τ)V 2 E[TA(τ)V]}/{sA(τ)V /√NA(τ)V} ~ N(0, 1), (5)
with a mean of zero if the model holds. Stated differently, if the ob-
served mean RTs are in accordance with the predictions of Schwarz’s 
(1994) model, zA(τ)V should lie within 61.96 in 95% of the cases.
By squaring the z values for each SOA and intensity condition, 
48 χ2(1) values were obtained for the simple response task. Since the 
model has nine free parameters that are adjusted to the mean RTs, 
the sum of these χ2 values has 39 dfs (e.g., Bulmer, 1979, p. 156f; 
Good, 1973):
	 Σ τ zA(τ)V2 ~ χ2(39). (6)
Model adjustment to the go/no-go responses was performed in the 
same way. Because, in the go/no-go task, participants had to with-
hold their response to av stimuli, mean RTs for only 35 conditions 
were available (AV, Av, aV). The barrier c was fixed at the value 
determined by the fit of the common model for simple and go/no-go 
responses (see below).
In a third model fit, the diffusion superposition model was simul-
taneously adjusted to the mean RTs for the simple response task and 
the go/no-go task. For this common model, we used only RTs for 
high-intensity stimuli (A, V, AV). The physical properties and the 
meaning of these stimuli were identical in the two tasks; thus, the 
diffusion parameters µA, σ2A, µV, σ2V were assumed to be equal for 
simple and go/no-go responses. The different requirements of the 
two tasks were accounted for by enabling different evidence crite-
ria c and different mean residual times µM. Again, a goodness-of-fit 
χ2 value was calculated using the observed and predicted mean RTs 
for the 13 SOAs in the two tasks, resulting in 26 predictions of an 
aggregate model with seven parameters. Therefore, the χ2 value of 
the combined model of simple responses and go/no-go responses 
has 26 2 7 5 19 dfs for each participant.
The adjusted models describe only the mean RTs (see, e.g., 
Schwarz, 2006), although Schwarz (1994, Appendix B) derived an 
explicit prediction for the variance of D for different SOAs. Using 
two additional parameters for the variance of M and the correlation 
between D and M (σ2M, ρDM), it is possible to describe the variance 
of the observed RTs as well. The simultaneous fit of the observed 
mean RTs and variances is, however, substantially more complex. 
Most important, the observed mean RTs and variances are not in-
dependent for a given experimental condition (sample mean and 
variance are independent only for normally distributed variables), 
which would be necessary to sum up the observed squared standard-
ized discrepancies as in the goodness-of-fit statistic (Equation 6). 
Consequently, we tested the model only for the observed mean RTs, 
for which goodness-of-fit statistics could be determined using stan-
dard χ2 techniques.
Results
Mean RTs per condition. Table S1 (supplemental 
materials) shows the mean RTs for the simple response 
task, separately for each participant, SOA, and intensity. 
1696    gondan, götze, and gReenlee
for the 3 participants. Drift rates for the high-intensity tar-
get components were comparable to those for the simple 
response task. Drift rates for the low-intensity nontarget 
components were very small (and sometimes negative), 
indicating that the nontarget components had virtually 
no effect on the observed mean RTs. Model fit was ac-
ceptable [χ2(78) 5 99.0, p 5 .054], indicating that the 
superposition model adequately describes the mean RTs 
observed in the go/no-go task as well.
In the last step, the diffusion model was simultaneously 
adjusted to the mean RTs for the high-intensity AV stimuli 
the prediction of the fitted model [overall goodness of fit, 
χ2(111) 5 111.68, p 5 .464]. Figure 1 (left panels) illus-
trates the relationship between SOA and mean RT for the 
different intensity combinations.
In a second model fit, the diffusion superposition model 
was adjusted to the mean RTs of go/no-go conditions AV, 
Av, and aV. To enable a qualitative comparison of the drift 
rates estimated for the two tasks, the criterion c was fixed 
at the value resulting from the combined fit of the simple 
response and the go/no-go task (see the next paragraph). 
Table 2 (middle columns) shows the parameter estimates 
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Figure 1. Left panels: Diffusion superposition model for simple responses to auditory–visual stimuli of different onset asynchrony 
and intensity (AV, Av, aV, av) in Experiment 1. Wing-shaped line: Model prediction of mean response times, including 95% confidence 
intervals. The confidence intervals were calculated assuming normally distributed means, with standard errors based on the observed 
standard deviations. Symbols: Observed mean response times for the different conditions. Unimodal, weak intensity stimuli (a, v) were 
not used for model adjustment and test. Center panels: Same for go/no-go task. Right panels: Combined diffusion superposition model 
of simple responses (conditions A, V, AV only) and go/no-go responses (conditions A, V, AV only).
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Figure 2. Experiment 1: Test of the race model inequality. 
Weighted sum of SOA-specific violation areas (Equation 4) for 
the different conditions of the simple task (AV, Av, aV, av) and the 
go/no-go task (only AV condition). For significance tests on these 
violation areas, see Table 1.
of the two tasks. Since the physical properties and the re-
sponse relevance of these AV stimuli were identical in the 
two tasks, diffusion parameters describing the detection 
process D were assumed to be equal in both tasks. The 
different requirements of the two tasks were accounted for 
by allowing a variable evidence criterion c and different 
residual components µM in the two tasks. The goodness of 
fit of this aggregate model was still acceptable [χ2(57) 5 
79.7, p 5 .025], indicating that the combined diffusion 
superposition model can describe behavior in both tasks. 
Figure 1 (right panels) illustrates the good agreement of 
model prediction and observed data. The adjusted param-
eters are shown in Table 2 (right column). In the go/no-go 
task, c was elevated for all the participants, indicating that 
the participants used a higher evidence criterion for distin-
guishing go and no-go trials. The residual component M 
had a slightly higher mean in the go/no-go task as well.
Discussion
In bimodal divided attention, redundant-signal effects 
have been extensively investigated using simple man-
ual RT tasks (e.g., Diederich & Colonius, 1987, 1991; 
Miller, 1982, 1986; Miller & Ulrich, 2003; Schwarz, 
1989, 1994). A common finding has been that parallel 
race models cannot explain the redundancy gains, and 
coactivation models have been developed that are well 
supported by the observed RTs (Diederich, 1995; Miller, 
1982, Appendix; Miller & Ulrich, 2003; Schwarz, 1989, 
1994). In go/no-go tasks, redundant-signals effects simi-
lar to those in simple RT have frequently been reported 
(Gondan et al., 2005; Grice & Canham, 1990; Grice & 
Reed, 1992; Miller, 1982, Experiment 3; Teder-Sälejärvi 
et al., 2002). In most studies with auditory–visual stimu-
lus arrangements, the upper bound for the redundancy 
gain defined by Inequality 1 was consistently violated, 
ruling out the parallel race model from consideration. 
The results obtained in Experiment 1 replicate this ob-
servation, although violations of the race model predic-
tion were weak and were statistically significant for only 
1 participant (Figure 2, Table 1).
The working hypothesis of Experiment 1 is that linear 
superposition of channel-specific activation is responsi-
ble for the redundancy gains observed in both tasks. This 
hypothesis was tested by fitting the diffusion superposi-
tion model (Schwarz, 1994) to the mean RTs observed in 
the simple response task and in the go/no-go task. In the 
Table 1 
Experiment 1: Race Model Test (p Values)
Participant
 Task  1  2  3  Summary  
Simple
 AV .245 .068 .021 .014
 av .264 .010 .206 .020
 aV .037 .006 .643 .007
 Av .255 .045 .004 .003
Go/no-go
 AV .108 .134 ,.001 .001
Note—The Fisher omnibus test was used for the summary statistic: 
22 ∑ ln Pi ~ χ2(2N).
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multiple sessions of the experiment. For example, within 
sessions, performance decreased over time, as reflected 
by a positive correlation of the block-specific mean RT 
and the order of the experimental block within sessions. 
Given that most of these aspects cause extra variation that 
works against a good model fit, it seems fair to state that 
the common diffusion superposition model adequately de-
scribes behavior in the two tasks.
As was already mentioned, the common model of 
simple and go/no-go responses was adjusted without the 
mean RTs observed in conditions av, Av, aV because the 
low-intensity components have different relevance in the 
two tasks: targets in the simple response task but non-
targets in the go/no-go task. In line with this, negative drift 
rates were observed for some of the nontarget components 
in the go/no-go task. Whereas additive superposition can 
be hypothesized to account for the redundancy gain ob-
served in the simple response task, nontarget components 
lengthen the mean RT observed in go/no-go responses to 
combinations of targets and nontargets (cf. the so-called 
diffusion difference model; Schwarz, 2006).
ExpERiMEnT 2
In Experiment 2, participants again made simple and 
go/no-go responses to auditory–visual stimuli presented 
at different SOAs. In Experiment 2, go and no-go stimuli 
had the same intensity but differed in orientation (Gabor 
stimuli) and tone frequency (low, high). We expected that 
this discrimination task would be more difficult than in-
tensity discrimination. Whereas in Experiment 1, targets 
and distractors were aligned on a common supramodal 
dimension and go/no-go discrimination mainly involved 
suppression of the weak distractor stimuli, Experiment 2 
required identification of target stimuli in at least one 
modality.
simple response task, participants had to respond to all 
weak and strong stimuli, whereas in the go/no-go task, 
target stimuli were defined as having at least one compo-
nent with high intensity. These task-specific model fits 
were satisfactory (Table 2, Figure 1). In a second step, 
a single model was fitted to the mean RTs observed in 
both tasks. For this aggregate model, only high-intensity 
stimuli (A, V, AV) were used, because these stimulus com-
binations had the same physical properties and the same 
response relevance in both tasks. We thus assumed at least 
a subset of perception- related processes to be identical in 
the two tasks, and the parameters describing the diffusion 
processes elicited by the stimulation were forced to be 
equal in both tasks. Differences between the two tasks were 
modeled by different evidence barriers and different mean 
residuals in the two tasks. Consistent with expectation, 
the barrier c was increased in the go/no-go task (Table 2, 
right columns), as compared with c 5 100 (fixed) in the 
simple response task, reflecting an increased criterion for 
responding in the go/no-go task. Schwarz (1994) noted 
that even in simple manual responses (Miller, 1986), the 
residual accounts for a considerable amount of the mean 
and the variance of the observed RT, which suggests that 
the residual M describes much more than just motor ex-
ecution (e.g., response preparation, peripheral processes). 
The estimates shown in Table 2 confirm this observation: 
In line with the increased demands of the go/no-go task, 
estimates for the residual component were higher for go/
no-go responses than for simple responses.
The goodness of fit ( p 5 .025) of this common model 
is acceptable, but some aspects of the data might not be 
fully covered: The normal approximation in Equation 5 
might be too optimistic, trial-to-trial sequence effects are 
not described by the model (Gondan, Lange, Rösler, & 
Röder, 2004), and the diffusion parameters, as well as the 
residual M, might not be constant during and across the 
Table 2 
Experiment 1: Superposition Model for Simple Responses and Go/no-Go Responses and Common Model  
for Both Tasks—parameter Values and Goodness of Fit (GOF)
Simple Go/No-Go Simple and Go/No-Go
Participant Participant Participant Participant Participant Participant Participant Participant Participant
  1  2  3  1  2  3  1  2  3
µv 0.23 0.30 0.65 –0.04 –0.14 0.13 – – –
σ2v 48.0 41.9 6.5 12.0 189.7 8.9 – – –
µV 1.14 1.17 1.51 1.76 1.49 1.46 1.25 1.31 1.28
σ2
V
205.5 109.8 157.9 18.7 224.8 141.8 194.4 212.9 146.8
µa 0.81 0.47 0.28 –0.12 0.04 0.07 – – –
σ2a 52.0 13.5 52.7 345.4 7.4 8.2 – – –
µA 1.88 1.68 1.13 2.55 2.62 1.12 1.64 2.31 1.02
σ2
A
170.5 159.3 268.8 1,398.5 3,373.6 276.8 2,183.2 600.1 220.9
cS (100) (100) (100) – – – (100) (100) (100)
µM,S 189.8 186.2 206.5 – – – 194.8 197.5 198.9
cG – – – (233.1) (183.8) (211.5) 233.1 183.8 211.5
µM,G – – – 249.3 224.3 217.5 223.9 214.2 206.6
GOF χ2 38.95 22.84 49.90 29.05 24.33 45.65 17.86 34.77 27.11
df 37 37 37 26 26 26 19 19 19
p .382 .967 .076* .309 .557 .010 .532 .015 .102
Summary χ2(111) 5 111.68, p 5 .464 χ2(78) 5 99.03, p 5 .054 χ2(57) 5 79.74, p 5 .025
Note—Fixed parameters are given in parentheses. *For Participant 3, inclusion of condition v (one omission) slightly improves the fit [χ2(38) 5 
49.92, p 5 .093]. If condition a (six omissions) is included, the fit is poor [χ2(39) 5 91.45, p , .001].
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Test of the race model. In the simple response task 
(Inequality 2), violations of the race model were observed 
for Participants 1 and 3 (Table 3, Figure 4). In the go/
no-go task (Inequality 3), a significant violation of the race 
model inequality was observed for Participant 2 only.
Diffusion superposition model. As in Experiment 1, 
the diffusion superposition model was first adjusted to 
the mean RTs observed in the simple response task. Fitted 
parameters and goodness of fit for each participant are 
shown in Table 4 (left column). For all the participants 
together, the overall goodness-of-fit value was χ2(24) 5 
41.19, p 5 .016. Due to pooling (N 5 400 responses per 
mean in the bimodal conditions, 200 responses in the 
unimodal conditions), the sensitivity of the goodness-of-
fit test for tiny deviations from the model prediction is 
greatly increased. Taking this into account, the goodness 
of fit for the model predicting the mean RTs in the simple 
response task with p 5 .016 still seems admissible (Fig-
ure 3, left panels).
For the go/no-go task, only RTs for the redundant 
condition AV were used. The results of the model fit are 
summarized in Table 4 (middle column). The goodness 
of fit of this go/no-go-specific model seems excellent 
[χ2(24) 5 20.39, p 5 .674; see Figure 3, left panels]. An 
elevated criterion c was chosen, resulting from the com-
mon model of simple and go/no-go responses (see below). 
Using this elevated c, the drift rates µA and µV observed 
for go/no-go roughly correspond to those observed in the 
simple response task. The variance parameters σ2A and 
σ2V and the mean residual µM, however, substantially dif-
fer between the two tasks. Particularly for Participants 2 
and 3, σ2A is very small, reflecting the nearly linear re-
lationship between SOA and mean RT for audition-first 
stimuli (Schwarz, 1994, p. 510). For all the participants, 
the mean residual µM is substantially higher in the go/
no-go task than in the simple response task.
Similar to Experiment 1, a common model was adjusted 
to the mean RTs observed in the redundant conditions of 
both tasks. The results are summarized in Table 4 (right 
column) and in Figure 3 (right panels). As compared with 
the simple task, both the evidence criterion c and the mean 
residual µM are increased in the go/no-go task. The fit of 
this common model is excellent for Participants 1 and 2 
but poor for Participant 3 ( p 5 .001). Inspection of Fig-
ure 3 (right panels) raises further doubt as to the validity 
of a common superposition model for Participant 3: In the 
go/no-go condition, mean RTs for audition-first stimuli 
A(τ) V seem to be systematically underestimated by the 
model, whereas mean RTs for vision-first stimuli V(τ)A 
seem to be systematically too high.
Discussion
The main question addressed in Experiment 2 was 
whether behavior in the go/no-go task can be described 
by a coactivation model if discrimination is more difficult 
than just bimodal intensity discrimination. In the simple 
response task, the parallel race model was again rejected 
(Table 3), and redundancy gains were adequately explained 
by the diffusion superposition model (Schwarz, 1994). 
Method
participants. Three participants took part in the second experi-
ment (all of them female; mean age, 31 years). The participants again 
were students at the University of Regensburg. For their participa-
tion, they received course credit or €7 per hour. Each participant was 
tested in four sessions, each session lasting 3 h. Breaks were given at 
a regular interval and on request of the participants.
Stimuli and Task. Timing and procedure were identical to those 
in Experiment 1. The visual no-go (v) stimulus was a pair of Gabor 
patches tilted 30º to the left, of the same intensity as the visual go 
(V) stimulus (a pair of Gabors tilted 60º to the right). The auditory 
go stimulus was a high-frequency tone (A, 880 Hz), and the no-go 
stimulus was a low-frequency tone (a, 440 Hz), both of an intensity 
of about 45 dBA. In the simple response task, the participants had 
to respond to all the stimuli. In the go/no-go task, the participants 
were asked to respond to target stimuli of either modality (A, V, AV, 
Av, aV) and to withhold their response if only nontargets were de-
livered (a, v, av; i.e., a low-frequency tone accompanied by a Gabor 
tilted 30º to the left).
Race model inequality and model fit. For the simple task, 
RTs observed for the four different conditions (AV, Av, aV, av) were 
pooled for the test of the race model, as well as for parameter ad-
justment and goodness-of-fit test of the diffusion superposition 
model. This resulted in N 5 400 trials for each of the 11 mean RTs 
for the bimodal conditions and 200 trials for the pooled unimodal 
conditions (A, a, V, v). A standard diffusion superposition model 
with five parameters (µA, σ2A, µV, σ2V, µM) was adjusted to the 13 
SOA- specific mean RTs of the simple task, resulting in 8 dfs for the 
goodness-of-fit χ2 value. The corresponding model was adjusted to 
the mean RTs for single and redundant targets (A, V, AV; N 5 100 
trials per condition) in the go/no-go task.
As in Experiment 1, a common model was fitted simultaneously 
describing the mean RTs for the simple response task and the go/
no-go task. For both tasks, only the mean RTs observed in condi-
tions A, V, and AV were used, resulting in 2 3 13 conditions, with 
N 5 100 replications each. Using the pooled set of RTs recorded 
in the simple task (with 400 trials per SOA) would bias the fit of 
the common model toward the means observed in the simple task. 
Assuming, as in Experiment 1, identical elementary diffusion pro-
cesses related to stimulus detection (µA, σ2A, µV, σ2V) but separate 
evidence criteria and residuals for the two tasks (cS 5 100, cG, µM,S, 
µM,G, for S 5 simple and G 5 go/no-go, respectively), this com-
bined model describes 26 mean RTs using seven free parameters, 
resulting in 19 dfs for the goodness-of-fit test.
Results
For both tasks, mean RTs for the different SOAs again 
showed a wing-shaped pattern, with fastest responses for 
synchronous stimuli (see supplemental Tables S3 and S4 
for the simple and go/no-go task results, respectively; 
see also the left panels of Figure 3). In the go/no-go task, 
mean RTs were substantially increased, as compared with 
those observed in Experiment 1. This indicates that go/
no-go discrimination was indeed more difficult than in 
the first experiment. Contrary to the results observed in 
the go/no-go task of Experiment 1, the curvature of the 
function SOA  mean RT was nearly zero for Partici-
pants 2 and 3.
In both tasks, the number of false alarms was fairly low 
(Tables S3 and S4). Overall performance, however, de-
creased during sessions, as reflected by positive regression 
slopes of block number on overall mean RT (Participant 1, 
20.7 and 7.0 msec; Participant 2, 6.0 and 7.0 msec; Par-
ticipant 3, 1.4 and 1.3 msec, for simple responses and go/
no-go, respectively).
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Figure 3. Left panels: Separate diffusion superposition models for simple and go/no-go responses to redundant targets in Experi-
ment 2. Right panels: Common model for the AV conditions of the two tasks with task-specific evidence barrier and residual.
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The increased complexity of the go/no-go task in Experi-
ment 2 is reflected by substantially higher mean RTs, as 
compared with those observed in the intensity discrimina-
tion task in Experiment 1 (e.g., mean go/no-go RTs for AV 
in Experiment 1 were 301, 273, 307 msec; mean go/no-go 
RTs for AV in Experiment 2 were 442, 521, 316 msec). 
Model fit for mean RTs observed for redundant targets 
in the go/no-go task was excellent, although some diffu-
sion variance parameters had unusually low values and the 
function relating SOA and mean RT was nearly linear. In 
fact, both race models (Ulrich & Miller, 1997) and “stan-
dard” diffusion superposition models (Schwarz, 1989, 
1994) predict a wing-shaped relationship between SOA 
and mean RT (e.g., Schwarz, 1994, Figure 1).
As in Experiment 1, a common model was adjusted 
to the two tasks, with common parameters describing 
modality- specific buildup of evidence but task-specific 
evidence barriers and residuals. The fit of this common 
model was excellent for Participants 1 and 2. The diffusion 
processes describe the subset of task-unspecific perceptual 
processes common to both tasks, whereas the evidence cri-
terion and the residual were increased in the go/no-go con-
dition (Table 4, right columns; e.g., Participant 1: simple, 
cS 5 100, µM,S 5 194 msec; go/no-go, cG 5 153, µM,G 5 
375 msec). On about 50% of the trials for the go/no-go 
task, targets and distractors were presented together (con-
ditions Av, aV). These conditions cause response conflicts. 
The higher µM observed in the go/no-go task suggests that 
Participants 1 and 2 solved these response conflicts, at least 
partially, at the level of M. The overall fit of this common 
model was not satisfactory, however, mainly due to the poor 
fit of Participant 3. Either this participant adopted different 
strategies for the two tasks, or modality-specific buildup of 
evidence occurred at different speeds in the two tasks.
Response competition effects are a common issue 
in redundant- signals experiments with go/no-go stim-
uli (e.g., Fournier & Eriksen, 1990; Grice, Canham, & 
 Gwynne, 1984, p. 565). Consider the present experimen-
tal setup with targets (A, V) and nontargets (a, v) in two 
modalities, which has become a standard setup in EEG 
studies on multisensory integration (audiovisual oddball 
task; e.g., Gondan et al., 2005; Schröger & Widmann, 
1998; Teder-Sälejärvi, Di Russo, McDonald, & Hillyard, 
2005; Teder-Sälejärvi et al., 2002). In such experiments, 
the participant has to respond if any target appears—that 
is, in conditions AV, Av, aV—whereas in condition av, the 
participant has to withhold the response. Combinations 
of targets and nontargets, however, might cause response 
competition similar to the incompatibility effects observed 
in flanker tasks (e.g., Eriksen & Hoffman, 1973). Thus, it 
could be argued that on about 50% of the trials, the par-
Table 3 
Experiment 2: Test of the Race Model (p Values)
Participant
 Task  1  2  3  Summary  
Simple ,.001 .454 .005 ,.001
 Go/no-go  .404  .010  .113  .018  
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Figure 4. Experiment 2: Test of the race model inequality. For 
significance tests, see Table 3.
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RTs for bimodal stimuli presented with onset asynchrony 
are easily derived:
 E[TAV] 5 µM 1 π E[DV] 1 (1 2 π) E[DA] 
 E[TA(τ)V] 5 µM 1 π (τ 1 E[DV]) 1 (1 2 π) E[DA] 
 5 E[TAV] 1 π 3 τ. (7)
Similarly, E[TV(τ)A] 5 E[TAV] 1 (1 2 π) 3 τ. Thus, the 
mixture model predicts a linear relationship between SOA 
and mean RT for both audition-first and vision-first stim-
uli, with the slopes of the two functions τ  E[TA(τ)V] and 
τ  E[TV(τ)A] adding up to one.1
In the serial self-terminating model, the probability π for 
processing the visual component first can be assumed to 
be constant for a limited range of SOAs. For small SOAs, 
it can even be beneficial to schedule, in advance, which 
modality to attend in the upcoming trial (e.g., De Jong, 
1995). For large SOAs, however, this strategy might fail: 
If, for example, the participant attends the auditory chan-
nel in V167A, processing starts with a substantial delay of 
167 msec. If the system is more flexible—that is, π varies 
over the SOA range—a model assuming constant π over-
estimates the mean RTs observed at large onset asynchro-
nies. Thus, additional assumptions are needed for these 
conditions (e.g., Equation 8; see below). Unimodal stimuli 
can be considered an even more extreme case with infinite 
onset asynchrony: A 5 A(τ)V with τ 5 ` , V 5 V(τ)A with 
τ 5 `. For unimodal stimuli, the serial model is mute; in 
fact, for τ 5 `, Equation 7 predicts infinite mean RTs.
Interestingly, the relationship described by Equation 7 
can be mimicked by a diffusion superposition model 
with zero diffusion variance parameters σ2A 5 σ 2V 5 0. 
With zero variance, buildup of activation in AV occurs, 
each millisecond, by µA 1 µV until the barrier c has been 
reached, such that DAV 5 c / (µA 1 µV). What happens 
in A(τ)V? We assume for a moment that the onset asyn-
chrony τ is small, such that the evidence criterion has 
not been reached before the onset of the second stimulus 
component. As compared with the synchronous condition 
AV, passage of the barrier c is delayed because, for the 
ticipants had to cope with response conflicts induced by 
the target/nontarget combination. Since the presentation 
of the stimuli was in randomized order, the participants 
could not foresee whether the upcoming stimulus pair was 
conflicting (Av, aV) or not (AV, av). Participant 3 might, 
therefore, have adopted a conservative strategy to handle 
response competition. For example, the auditory compo-
nent is processed first. Depending on whether it is a target, 
processing stops, and a response is initiated. The visual 
component is processed only if the auditory stimulus was 
a nontarget on a given trial.
SERiAL SELF-TERMinATinG MODEL
In contrast to Experiment 1, the modality-specific 
target stimuli (right-tilted Gabor, high tone) of Experi-
ment 2 did not share common supramodal features such 
as intensity. May coactivation occur under such circum-
stances? In difficult tasks such as the go/no-go discrimi-
nation task of Experiment 2, serial processing seems to 
be a plausible alternative to parallel and coactivation 
models (Luria & Meiran, 2005; Townsend & Nozawa, 
1997). In the serial self-terminating model, one stimulus 
component is processed after the other; processing stops 
as soon as a target has been identified. For illustration, 
consider a simple response task with redundant AV stim-
uli presented at different onset asynchronies (the same 
argument holds for the redundant condition of the go/
no-go task). Because both components are targets, pro-
cessing always stops after the first stimulus component. 
Therefore, the serial self-terminating model reduces to a 
mixture model of auditory and visual processing times 
(e.g., Schweickert, Giorgini, & Dzhafarov, 2000, p. 506). 
Assume that, on each trial, with probability π, the vi-
sual stimulus is processed first. With probability 1 2 π, 
the auditory stimulus is processed first. Let DA denote 
the processing time for the auditory component and DV 
for the visual component. Assuming again that RT T is 
the sum of the processing time D and a residual M (e.g., 
motor processes) with constant expectation µM, the mean 
Table 4 
Experiment 2: Diffusion Superposition Model for Simple Responses and  
Go/no-Go Responses to AV and Common Model for Both Tasks
Simple Go/No-Go AV Simple AV 1 Go/No-Go AV
Participant Participant Participant Participant Participant Participant Participant Participant Participant
  1  2  3  1  2  3  1  2  3
µV 1.55 1.18 1.26 1.43 1.48 1.13 1.33 1.52 1.08
σ2
V
1,207.1 50.3 85.5 19,104 1,913.5 2,101.9 1,301.8 590.8 0.10
µA 1.04 1.04 1.00 1.08 1.34 0.88 1.00 1.32 0.82
σ2
A
460.4 200.2 156.1 404.4 0.63 5.3 404.8 198.0 84.0
cS (100) (100) (100) – – – (100) (100) (100)
µM,S 194.2 254.8 175.3 – – – 188.9 267.5 162.2
cG – – – (153.4) (326.7) (265.6) 153.4 326.7 265.6
µM,G – – – 375.3 404.1 192.2 364.9 403.8 177.1
GOF χ2 19.20 7.00 14.99 7.47 4.05 8.88 19.37 15.97 45.46
df 8 8 8 8 8 8 19 19 19
p .014 .537 .059 .487 .853 .353 .433 .659 .001
Summary χ2(24) 5 41.19, p 5 .016 χ2(24) 5 20.39, p 5 .674 χ2(57) 5 80.80, p 5 .021
Note—Fixed parameters are given in parentheses. GOF, goodness of fit.
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redundant conditions (AV) of the go/no-go task. We have 
noted above that the serial model is mute with respect to 
unimodal stimuli; for this reason, unimodal conditions 
were not included in the model fit. In a first step, the stan-
dard diffusion superposition model was adjusted to the 
mean RTs observed for the 11 finite SOA conditions; in 
the second step, the serial self-terminating model was fit-
ted by means of a diffusion superposition model with zero 
diffusion variance parameters, σ2A 5 σ2V 5 0. The results 
are summarized in Table 5 (Figure 5, left panels).
For the simple response task, it is immediately evi-
dent that the serial model fails in all participants, which 
is also reflected by a huge overall goodness-of-fit value 
[χ2(24) 5 159.29, p , .001]. Releasing the diffusion 
variance parameters (i.e., adjusting the standard diffu-
sion superposition model) considerably improves the 
overall goodness of fit [χ2(18) 5 24.26, p 5 .147]. As 
was mentioned above, the two models are nested, such 
that the models can be compared with each other: In all 
participants, the difference between the two goodness-of-
fit values is significant [χ2(8) 2 χ2(6) 5 66.64, 20.03, 
and 48.36, respectively; all ps , .001]. Technically, this 
result indicates that the variance parameters are signifi-
cantly greater than zero, which statistically rejects the 
serial self-terminating model.
Inconsistent results are obtained for the go/no-go task. 
For Participant 1, the serial model fails again. For Partici-
pants 2 and 3, however, the mean RTs support a serial self-
terminating model (Participant 2, χ2 5 7.88, p 5 .446; 
Participant 3, χ2 5 6.05, p 5 .642). For these 2 partici-
pants, comparison with the unrestricted diffusion super-
position model shows that releasing the variance param-
eters does not significantly improve the fit [Participant 2, 
χ2(8) 2 χ2(6) 5 3.94, p 5 .139; Participant 3, χ2(8) 2 
χ2(6) 5 1.75, p 5 .418].
As is shown in Appendix B, the serial self-terminating 
model predicts that the race model inequality holds. The 
RT distributions of Participant 2 show a violation of the 
first τ milliseconds, buildup of evidence occurs only with 
drift µA, instead of µA 1 µV. Equivalently, when process-
ing of AV has finished at time c / (µA 1 µV), a remaining 
activation of µV 3 τ needs to be attained for A(τ)V, at rate 
µA 1 µV:
 E[TAV] 5 µM 1 E[DAV] 5 µM 1 c /(µA 1 µV)
 E[TA(τ)V | τ small] 5 E[TAV] 1 µV /(µA 1 µV) 3 τ.
Similarly, E[TV(τ)A | τ small] 5 E[TAV] 1 µA /( µA 1 
µV)  3 τ. If µV /( µA 1 µV) is substituted by π and 
µA / (µA 1 µV) is substituted by 1 2 π, the serial self-
terminating model described by Equation 7 numerically 
corresponds to a diffusion superposition model with zero 
variance parameters.
For larger SOAs, the barrier c has already been reached 
before the onset of the second stimulus. In other words, 
E[TA(τ)V | τ large] cannot exceed E[TA]:
 E[TA(τ)V] 5 min{E[TA], E[TA(τ)V | τ small]}. (8)
We have noted above that the serial self-terminating model 
(Equation 7) breaks down for large SOAs. The upper bound 
given by Equation 8 seems, thus, to be a reasonable ad hoc 
choice for the serial self-terminating model as well. To 
summarize, from a technical perspective, the serial self-
terminating model with constant π might be considered a 
special case of a diffusion superposition model with σ2A 5 
σ2V 5 0 (i.e., a deterministic model). This model inclusion 
allows the direct comparison of the goodness of fit of the 
two models using standard χ2 technique.
Interestingly, and in contrast to serial exhaustive models 
(Townsend & Nozawa, 1997), the serial self-terminating 
model does not predict a violation of the race model in-
equality (see Appendix B).
Test of the Serial Model
The serial self-terminating model (Equations 7 and 8) 
was first tested for the simple response task and for the 
Table 5 
Experiment 2: Serial Self-Terminating Model (SSTM) As a Special Case of a  
Diffusion Superposition Model (DSM) With σ2V 5 σ2A 5 0
Simple Go/No-Go
Participant Participant Participant Participant Participant Participant
  1  2  3  1  2  3
c (100) (100) (100) (153.4) (326.7) (317.1)
µV 2.57 1.22 1.33 0.41 0.60 1.23
µA 1.88 1.27 1.20 0.24 0.39 0.58
µM 206.7 255.5 175.3 174.0 182.6 170.0
π 5 µV / (µA 1 µV) .58 .49 .53 .63 .61 .68
SSTM χ2(8) 78.82 22.58 57.89 34.17 7.88 6.05
p ,.001 .004 ,.001 ,.001 .446 .642
Summary χ2(24) 5 159.29, p , .001 χ2(24) 5 48.09, p 5 .002
DSM χ2(6) 12.18 2.55 9.53 6.43 3.93 4.30
p .058 .863 .146 .376 .685 .636
Summary χ2(18) 5 24.26, p 5 .147 χ2(18) 5 14.67, p 5 .684
χ2(8) 2 χ2(6) 66.64 20.03 48.36 27.73 3.94 1.75
p ,.001 ,.001 ,.001 ,.001 .139 .418
Note—Fixed parameters are given in parentheses. Results for the unrestricted model (DSM, σ2V . 0, σ2A . 0) 
are shown for comparison.
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Figure 5. Left panels: Serial self-terminating model (SSTM) for simple and go/no-go responses to AV in Experiment 2. Right panels: 
Serial model for go/no-go task including redundant targets and combinations of target and distractors.
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fitted again a deterministic diffusion superposition model 
(Equation 8) to the mean RTs observed for stimulus pair-
ings AV, Av, and aV with finite SOAs. The system was 
assumed to be rigid, with constant probability π 5 µV/
(µA 1 µV) for all SOAs and relevance pairings.2 Different 
µMs were allowed for conditions AV, Av, and aV, reflecting 
the different mean RTs for the synchronous conditions 
(E[TAV], E[TAv], E[TaV]; see Equations 7, 9, and 10). Five 
parameters are, thus, needed (µA, µV, µM,AV, µM,Av, µM,aV) 
to describe 33 mean RTs (11 finite SOAs per condition), 
resulting in 28 dfs for the goodness-of-fit χ2 value.
Table 6 shows the adjusted parameters and the results of 
the goodness-of-fit test. In Participant 1, the fit of the se-
rial self-terminating model is poor ( p , .001), as was al-
ready seen in the responses to redundant targets (Table 5, 
Figure 5). In contrast, for Participants 2 and 3, the serial 
self-terminating model well describes the mean RTs ( p 5 
.501 and .095, respectively), both for redundant targets 
and for combinations of targets and distractors. At least 
for Participant 3, whose RT distributions did not violate 
the race model inequality, the results further support the 
serial self-terminating model.
In the model adjustment, the probability π for process-
ing the visual channel first was assumed to be constant 
over the SOA range. This seems implausible at first glance. 
Why should π be equal in A167V and V167A? Would it 
not be more efficient to process the two components on 
a first-come, first-served basis? De Jong (1995) provided 
a tentative answer to this issue. If the temporal order of 
processing is flexible, a decision on which stimulus is to 
be processed first must be made on each single trial. This 
decision might be time-consuming. Scheduling process-
ing order before trial onset might save time. Within a lim-
ited range of SOAs, processing in a prespecified temporal 
order might, thus, be more efficient than processing in a 
flexible order. Moreover, if the participant decides in ad-
vance which modality is processed first, this modality is 
attended, which by itself enables faster processing of the 
respective stimulus component. As a side note, Partici-
pant 3 showed considerably faster responses than did the 
other 2 participants. It could, thus, be argued that serial 
processing with a prespecified schedule can be a very ef-
ficient strategy for handling the complex requirements of 
the go/no-go task in the present study.
race model inequality, which rejects the serial model. In 
contrast, the RT distributions observed for Participant 3 
are consistent with Inequality 3; we can, thus, conclude 
that Participant 3 coped with the more complex require-
ments of the go/no-go task by serially processing the two 
sources of information.
Responses to nonredundant Targets
For combinations of targets and nontargets, we first 
consider the two conditions Av and A(τ)v, with lowercase 
letters denoting the nontargets. With probability 1 2 π, 
the auditory target component is processed first, directly 
eliciting the response. With probability π, the visual dis-
tractor is processed first. Since the visual component v is a 
nontarget, the auditory component is processed next, and 
a response is initiated:
 E[TAv] 5 µM 1 (1 2 π)E[DA]
  1 π(E[Dv] 1 E[DA])
 E[TA(τ)v] 5 µM 1 (1 2 π)E[DA]
  1 π(τ 1 E[Dv] 1 E[DA])
  5 E[TAv] 1 π 3 τ. (9)
Similarly, for visual targets followed by auditory distrac-
tors, the model predicts E[TV(τ)a] 5 E[TaV] 1 (1 2 π) 3 τ. 
Assuming π to be constant over the SOA range might 
again be problematic for large onset asynchronies. For 
example, in a unimodal auditory stimulus or in A167v, 
it is clear that the participant will not eternally wait for 
the visual stimulus to appear. If π is held constant in the 
model fit, for large onset asynchronies, Equation 9 might 
overestimate the mean RTs, biasing the goodness-of-fit 
test toward rejection of the serial model.
What happens in condition a(τ)V, when the nontarget 
component is presented first? Assume again that, with 
probability π, the visual component is processed first. 
This is the target component, so that a response can di-
rectly be initiated (with delay τ, though). With probability 
1 2 π, the auditory nontarget is processed first. If the time 
required for processing the auditory nontarget is shorter 
than τ, the system must “wait” for the appearance of the 
visual target stimulus:
 E[TaV] 5 µM 1 π E[DV]
 1 (1 2 π)(E[Da] 1 E[DV])
 E[Ta(τ)V] 5 µM 1 π(τ 1 E[DV])
 1 (1 2 π)(E[max(Da, τ)] 1 E[DV])
 E[Ta(τ)V] $ E[TaV] 1 π 3 τ. (10)
For SOAs sufficiently small, Da . τ, and equality holds. 
For large SOAs, however, E[max(Da, τ)] . E[Da], and 
Equation 10 might underestimate the mean RT in con-
dition a(τ)V. For visual distractors followed by auditory 
target stimuli, the serial self-terminating model predicts 
E[Tv(τ)A] $ E[TAv] 1 (1 2 π) 3 τ.
In a last step, the serial self-terminating model was ad-
justed to the mean RTs of the go/no-go task, including 
responses to nonredundant targets. For this purpose, we 
Table 6 
Serial Self-Terminating Model for Go/no-Go Responses
Participant
   1  2  3  
c (157.2) (269.3) (317.1)
µV 0.73 1.29 1.28
µA 0.57 1.06 0.72
µM,AV 290.2 399.0 158.7
µM,Av 398.2 489.9 256.4
µM,aV 359.5 507.0 231.1
π 5 µV / (µA 1 µV) .56 .55 .64
χ2(28) 59.71 27.32 38.21
p ,.001 .501 .095
 Summary  χ2(84) 5 125.24, p 5 .002  
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The evidence criterion and the residual component were 
allowed to vary as a function of the different task require-
ments. In Experiment 1, go and no-go stimuli differed 
in intensity. Here, the fit of an aggregate model for the 
two tasks was satisfactory, indicating that the participants 
solved the discrimination task simply by increasing the 
evidence criterion.
In contrast, in Experiment 2, the fit of a common co-
activation model for the two tasks was poor. It was pos-
sible, however, to adjust task-specific coactivation mod-
els to the mean RTs observed in the two tasks (Table 4), 
suggesting that coactivation might indeed occur in go/
no-go experiments, but buildup of evidence occurs at a 
speed different from the simple response task. Indeed, in 
Participant 1, the drift rate of the visual process estimated 
for the simple response task was slightly higher than the 
visual drift rate estimated for the go/no-go task, whereas 
the auditory drift rate showed the opposite pattern. In the 
other 2 participants, we observed “problematic” param-
eter values for the diffusion variance parameters, sugges-
tive of deterministic evidence accumulation in the au-
ditory channel. At first glance, deterministic processing 
seems implausible in a biological system. It turned out, 
however, that the mean RTs predicted by a serial model 
(Equation 7) can be mimicked by a special case of a de-
terministic diffusion superposition model with zero dif-
fusion variance parameters (Equation 8). This inclusion 
enables statistical comparison of the two nested models 
even though basic mechanisms of the two models differ 
completely. In Participant 3, it turned out that behavior 
in the go/no-go task can actually be explained by such 
a serial self-terminating model. It seems noteworthy 
that, in this participant, the serial model accounts for 
the RTs observed both for redundant targets (AV) and 
for combinations of targets and nontargets (aV, Av). We 
hypothesize that response conflicts raised by combina-
tions of targets and nontargets in conditions Av and aV 
(Fournier & Eriksen, 1990; Grice, Canham, & Gwynne, 
1984) seem to have influenced Participant 3’s processing 
strategy in the entire experiment, including the redundant 
go condition (AV).
We stated above that in the redundant-signals task, the 
serial self-terminating model is mute with respect to uni-
modal mean RTs. With regard to the classical concept of 
the bimodal redundancy gain—namely, faster responses 
for bimodal stimuli than for unimodal stimuli—this 
might be considered a weakness of the serial model. Al-
though the majority of coactivation models mentioned 
claim to describe the redundant-signals effect (Diederich, 
1995; Miller, 1986, Equation 3; Miller & Ulrich, 2003; 
Schwarz, 1989, 1994), it should be underlined that the 
scope of most of these models is not limited to unimodal 
and bimodal conditions only (i.e., τ 5 0 and τ 5 `). 
Rather, these models make specific predictions for arbi-
trary onset asynchronies, and systematic manipulation of 
τ is necessary for testing the majority of them. In other 
words, the detailed analysis of the mechanisms involved 
in the integration of information of different sources 
greatly profits from SOA variation. A broader definition 
GEnERAL DiSCUSSiOn
In divided-attention tasks in which participants have to 
respond to stimuli from two modalities, RTs have often 
been observed to be shorter if both stimuli are presented 
at the same time. This redundant-signals effect has been 
observed in simple response tasks (e.g., Gondan et al., 
2004; Miller, 1982, 1986; Murray et al., 2005), go/no-go 
tasks (Gondan et al., 2005; Gondan, Vorberg, & Greenlee, 
2007; Miller, 1982, Experiment 3; Teder-Sälejärvi et al., 
2005; Teder-Sälejärvi et al., 2002), and choice response 
tasks (Grice, Canham, & Boroughs, 1984; Grice, Can-
ham, & Gwynne, 1984). In simple responses to multi-
sensory stimuli, violations of the race model prediction 
(Inequality 1) have consistently been reported, ruling out 
race models for explanation of the redundancy gains ob-
served. Instead, coactivation models (Diederich, 1995; 
Miller & Ulrich, 2003; Schwarz, 1989, 1994) have been 
shown to accurately describe the observed redundancy 
gains. The integration mechanism of these coactivation 
models is extremely simple: All models assume a linear, 
additive superposition of the channel-specific activity. 
Although reports on superadditive multisensory inter-
actions have dominated the literature on multisensory 
processes for a long time (e.g., Meredith & Stein, 1983), 
most multisensory neurons observed in the superior col-
liculus integrate their inputs in an additive manner (see, 
e.g., Stanford, Quessy, & Stein, 2005). The results of Ex-
periment 1 demonstrate that in simple response tasks, this 
integration mechanism can greatly improve detection and 
discrimination.
In bimodal go/no-go tasks, specific coactivation mod-
els have not been explicitly tested. To our knowledge, the 
majority of the studies using go/no-go tasks adopted co-
activation mechanisms mainly by rejection of the race 
model inequality (e.g., Gondan et al., 2004; Gondan 
et al., 2005; Gondan et al., 2007; Schröger & Widmann, 
1998; Teder-Sälejärvi et al., 2005; Teder-Sälejärvi et al., 
2002). This conclusion is incomplete because rejection 
of Model A does not necessarily imply the validity of 
Model B. For example, Townsend and Nozawa (1997) 
have shown that under certain circumstances, serial ex-
haustive models predict a violation of the race model 
inequality as well. On the other hand, not all coactiva-
tion models predict a violation of Inequality 1 (Ulrich & 
Miller, 1997, Table 1).
The two experiments in the present study were de-
signed to test whether the same integration mechanisms 
can explain the redundant-signals effect in simple and 
go/no-go responses. Participants had to perform the two 
tasks using the same auditory–visual stimulus material. 
We then adjusted task-specific and common diffusion 
superposition models (Schwarz, 1994) to the mean RTs 
observed in the two tasks. Since the same stimuli were 
used for the simple response task and the go/no-go task, 
we assumed at least a subset of elementary detection pro-
cesses to be identical in the two tasks. Therefore, in the 
model fit, the diffusion parameters describing the detec-
tion process were constrained to be equal in both tasks. 
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of the redundant-signals effect seems, therefore, appro-
priate that not only includes the special cases τ 5 0 and 
τ 5 `, but also covers the function τ  E[TA(τ)V] on a 
broader range (e.g., Ulrich & Miller, 1997).3 Following 
this broader definition, the serial self-terminating model 
describes 11 of the 13 SOA conditions used in the pres-
ent study.
The fit of the aggregate coactivation model was sat-
isfactory in 2 out of the 3 participants, and it was poor 
in only 1 out of 3 participants (Table 4, right columns). 
Hence, our study does not rule out coactivation in go/
no-go experiments with redundant signals. The results, 
however, suggest that in bimodal go/no-go discrimination, 
multisensory integration processes cannot be taken for 
granted but depend on the exact nature of the stimuli and 
the task, and they point to the need to consider serial pro-
cessing when modeling RTs in redundant-signals experi-
ments (Townsend & Nozawa, 1997).
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AppEnDix A 
Violation of the Race Model inequality predicted by the Superposition Model
The diffusion superposition model describes processing of a stimulus by a time-homogeneous diffusion 
process with drift µ . 0 and variance σ2 . 0 (Wiener process). Detection occurs if an absorbing barrier c . 0 
(criterion) is passed for the first time. These first-passage times follow an inverse Gaussian distribution with 
distribution W(t) 5 P(D # t) and density
 w(t) 5 c /√(2πσ2t3) 3 exp[2(c 2 µt)2 / (2σ2t)]. (A1)
In redundant stimuli (e.g., AV), the two processes superimpose to an aggregate process with drift µAV 5 µA 1 µV 
and variance σ2AV 5 σ2A 1 σ2V 1 2ρAVσAσV, with ρAV denoting the correlation of the two processes (Schwarz, 
1994, p. 507). In Schwarz (1994) and in the present study, the parameter ρAV is assumed to be zero.
Here, we demonstrate that under this assumption, the diffusion superposition model predicts a violation of 
the race model inequality,
 WAV(t) . WA(t) 1 WV(t), for small t, 
with W(t) denoting the inverse Gaussian distribution functions W(t) 5 0 ∫ t w(x) dx. To this end, it is sufficient to 
demonstrate wAV(t) . wA(t) 1 wV(t), for small t. For small t, however, the exponential in Equation A1 decom-
poses into three factors: 2c2 / (2σ2t) is the relevant term, whereas 2µt / (2σ2t) reduces to a positive constant and 
2(µt)2 / (2σ2t) vanishes. The problem, therefore, reduces to showing that sAV(t) . sA(t) 1 sV(t) or, equivalently, 
sAV(t) / [sA(t) 1 sV(t)] . 1, for small t, with
 sAV(t) 5 1 /√(σ2AV t3) 3 exp[2c2 / (2σ2AV t)], 
 sA(t) 5 1 /√(σ2A t3) 3 exp[2c2 / (2σ2A t)], 
 sV(t) 5 1 /√(σ2V t3) 3 exp[2c2 / (2σ2V t)]. 
Without loss of generality, we assume σA # σV and note that sA(t) # 1 /√(σ2At3) 3 exp[2c2 / (2σ2V t)], as well as 
sV(t) # 1 /√(σ2A t3) 3 exp[2c2 / (2σ2V t)], such that sA(t) 1 sV(t) # smax(t), with
 smax(t) 5 2 /√(σ2At3) 3 exp[2c2 / (2σ2V t)]. 
It is now easily seen that
 sAV(t) / smax(t) 5 ½ σA /σAV 3 exp[2c2 / (2σ2AV t)] 3 exp[2c2 / (2σ2V t)] (A2)
is greater than 1 for small t, as long as σ2AV . σ2V. This is established if ρAV is not too negative, which is given 
by the assumption ρAV 5 0.
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AppEnDix B 
Serial Self-Terminating Model
Townsend and Nozawa (1997) have demonstrated that serial exhaustive processing might cause violations 
of the race model inequality. Here we will show that serial self-terminating processing of redundant signals 
is compatible with the race model inequality. As was mentioned in the main text, in redundant signals, both 
stimulus components are targets, such that the serial self-terminating model reduces to a mixture model in which 
only one stimulus (attended stimulus) is processed in each trial. We assume context independence; that is, the 
component-specific processing time distributions and the probability π for processing the visual component 
first are invariant over the SOA range, including unimodal stimuli. For a given single modality stimulus, the 
probability for responding within t corresponds to the weighted sum of the probabilities conditional on whether 
the modality is attended or not,
 P{TA # t} 5 (1 2 π) P{TA # t | A attended} 1 π P{TA # t | V attended} 
 P{TV # t} 5 (1 2 π) P{TV # t | A attended} 1 π P{TV # t | V attended}. (B1)
If, in a given unimodal trial, the participant attends to the wrong channel, we assume that the participant will 
wait indefinitely for the attended stimulus to appear, P{TA # t | V attended} 5 P{TV # t | A attended} 5 0. 
Under this assumption, the distributions P{TA # t} and P{TV # t} are incomplete (i.e., they range between 0 
and less than 1), because the participant omits the responses to the unattended stimuli (this assumption will be 
relaxed below).
For bimodal stimuli, the processing time distribution corresponds to the mixture of the component-specific 
processing time distributions:
 P{TAV # t} 5 (1 2 π) P{TA # t | A attended} 1 π P{TV # t | V attended}. (B2)
It is immediately evident from Equations B1 and B2 that the mixture model predicts the race model inequality 
to hold exactly—that is, P{TAV # t} 5 P{TA # t} 1 P{TV # t}, for finite t.
If, in unimodal trials, the participant does not wait indefinitely for a stimulus in the attended modality but, 
after some delay, switches to the other modality, the observed proportions P{TA # t} and P{TV # t} will be 
increased, which is still consistent with the race model inequality.
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